MAIN TEXT Introduction
Radiotherapy has been an indispensable tool for treating cancer and controlling its growth, which is received by nearly 50% of the cancer patients [1] . A fundamental issue in radiotherapy is to assess the radiosensitivity (RS) of a cancer patient to enable decision making toward optimal treatment strategy [2] . In the modern era of precise medicine, gene signatures as a response predictor for radiotherapy and chemotherapy have been effective in the treatment of various cancers [3] [4] [5] [6] . Previous studies established that a group of 31 genes from NCI-60 cancer cells are closely associated with radiotherapy [7] . However, due to the high complexity of the gene regulatory system, the intrinsic relationship between these genes has been unclear and it remains difficult to predict the effectiveness of radiotherapy for cancer patients.
Network science has the potential to provide powerful tools for analyzing a variety of natural and artificial complex systems [8] [9] [10] [11] , including those in life science and medicine. For example, metabolic pathways can be identified through analyzing the network structure of genes/proteins [12, 13] , epidemic outbreak can be explained based on spreading dynamics on networks [14, 15] , ecological stability associated with environment can be assessed using the network approach [16] , designing genetic circuits can benefit from the principles from network science [17] , and tipping points in complex mutualistic networks can be analyzed and predicted [18] . Recently, network science has been employed to advance research in cancer and oncology, providing unprecedented insights into physiological phenomena related to tumor growth [19, 20] with clinical applications [21, 22] , clarifying the biochemical factors and signaling pathways during primary tumor development [23, 24] , and leading to pathway-directed drug discovery [25] . The purpose of this paper is to exploit principles of complex network science to propose, analyze, and validate a geometric indicator to effectively and quantitatively characterize the impact of radiotherapy on cancer patients. This is the radiosensitive gene group centrality (RSGGC), which can be calculated through identifying both the relations among gene signatures and the efficiency of the radiotherapy treatment.
Our work is motivated by the considerations that, in spite of the completeness of the Human Genome Project [26] , the detailed functions and relationship among the genes remain unclear, and the existing proteinprotein interaction (PPI) networks are unable to capture the overall features of the regulation process. It is thus useful to concentrate on the intrinsic properties of the genes with a network dynamic topology. In particular, we consider the intergenic correlations among data samples of the same cluster or classification to obtain a network through Pearson's correlation matrix, which is also known as the gene co-expression matrix [27] . The matrix quantifies the gene-gene relationship across tissue samples. In network science, the centrality of a node quantifies its importance in the network based on the local connection strength to its neighbors [28] [29] [30] . Similarly, the centrality of a cluster of nodes is the sum of the centrality values over all the nodes in the cluster, which characterizes the importance of the focal cluster [31] . Based on this concept, we propose RSGGC as a novel indicator to quantitatively assess malignant tumor development and to provide prognosis for patients. Combining with the finding of work [7] , we group the 31 radiosensitive genes to be our focal cluster to calculate the RSGGC, as shown schematically in Fig. 1 .
Through analysis based on different data sets from patients and cancer cell lines, we find a strong correlation between RSGGC and the patient's clinical or physiological indicators, suggesting that RSGGC can be potentially be applied to analyzing the therapeutic effect of radiotherapy.
Specifically, for clinical data, we collect the previously public datasets from Gene Expression Omnibus (GEO) and the Cancer Genome Atlas (TCGA) to calculate the correlation between the survival time of a patient and his/her RSGGC value from the clinical perspective. We then analyze the the experimental data of cancer cell lines from the existing literature [32] . A typical data set includes the survival fraction (SF) of parallel cell lines with different radiation dosages (2Gy, 5Gy, 8Gy) as labels of irradiation resistance for follow-up process. We calculate the RSGGC values for the corresponding NCI mRNA expression data. A statistical analysis shows that patients with a high RSGGC score have a longer survival time after radiotherapy and, consistently, cell lines with a higher RSGGC value have a smaller survival fraction after irradiation. Further, for different glioblastoma multiforme (GBM) cancer subtypes, our results indicate that the higher the RSGGC score is, the better therapeutic effect would be for patients receiving radiotherapy. Finally, based on the time sequencing data associated with irradiation, we compare the values of RSGGC before and after irradiation and find a sensitive response of RSGGC to irradiation, indicating the potential advantage of using RSGGC to assess the effect of radiotherapy in a quantitative manner. Our detailed and systematic analysis of RSGGC suggest that it can be used as a potential indicator of the effectiveness of radiotherapy to greatly facilitate decision making toward an optimal strategy for treating cancer.
Material and Methods

Data collection
The required mRNA/cDNA expression profile of a patient or a cancer cell line involved in radiotherapy or in irradiation experiment, respectively, is collected from the previous published datasets from Gene Expression Omnibus (GEO) and the Cancer Genome Atlas (TCGA), with detailed information listed in Table I .
Radiotherapy is the leading therapeutic strategy for patients suffering from GBM, as the surgical risk for this type of cancer is greater than others.
GBM thus provides substantially more radiotherapy cases in the test datasets (GSE7696 [33] , GSE16011 [34] , and TCGA-GBM). In order to investigate the effect of radiotherapy on patients, we use a number of cervical cancer patients in the dataset GSE3578 [35] that contains the sequencing changes of mRNA expression during therapy. We use NCI-60 cancer cell lines in a more homogeneous environment as the validation datasets: GSE32474 [36] and GSE5949 [37] , which were widely used in exploring the underlying mechanisms of cancer and for developing drugs [38] [39] [40] . As an additional validation of the cancer cell lines, we study the integrated datasets: GSE59 [41] and GSE7505 [32] , which record the abundance of cDNA of the NCI-60 cell lines before and after irradiation, respectively.
Data preprocessing
For reliable and meaningful statistical analysis, preprocessing of data is necessary. Briefly, we first select proper data through ranking and variance cutoff. We then apply either linear or logarithmic scales to the pertinent index, e.g., the survival time of patients (Table Ⅱ) or the survival fraction of cell lines ( Table Ⅲ) . In the following, we describe the preprocessing details for clinical data and cancer cell lines separately.
Preprocessing of clinical data.
For patients, we screen out the cases GSE7696, GSE16011 and TCGA-GBM from GEO and TCGA primarily.
All clinical data are filtered according to the following criteria: (1) null and void cases were removed (for example, lost record, abnormal expression, and rewritten data), and patients with both mRNA expression and the corresponding clinical information were selected; (2) one clinical index was used to classify patients (e.g., survival time or subtypes of patients).
The GSE3578 (cervical cancer patient set) has relatively adequate, complete clinical and gene expression information, so it was chosen as an additional validation of the ability of RSGGC to evaluate therapy, from which samples were classified according to the difference in therapeutic strategies and checking time. For convenience, samples were classified on a logarithmical scale to balance the survival time and the relevant order of magnitude of samples. Table Ⅱ shows the physiological or pathological brief summary and grouping results.
Preprocessing of cell lines data. We match the description and annotation of the experimental samples with the expression profile, and remove samples with missing information. We adopt only the cancer cell lines described in previous work [32] and label them with the SF value. The radiosensitive and radioresistant lines can be represented by the replication rate, cell migration capacity, and SF under specific condition or environment. We use the SF value after receiving irradiation of different dosage level to characterize cell's radiosensitivity / radioresistance. All the cell line datasets are ranked according to the SF values of the cell lines after receiving 2Gy, 5Gy, and 8Gy irradiation, denoted by SF2, SF5, and SF8, respectively [32] . Table Ⅲ shows the method of sampling groups for different radiation dosage, where the low dose irradiation dataset (2Gy) is grouped linearly according to SF2, such as deciles or quartiles, while the high dose irradiation datasets (5Gy and 8Gy) have logarithmical bins according to SF5 and SF8. The different ways of data binning were adopted just for convenience.
Correlation matrix and RSGGC measure
Correlation matrix. A basic fact in systems biology and biomedical science is that genes are not isolated with each other but work collectively as an interacting network, regardless of whether the underlying process is intracellular or extracellular. To characterize the responses of patients or cancel cell lines to irradiation, we introduce the measure of RSGGC by considering the differences among sample groups and the corresponding inherent dynamic relationship from the point of view of a complex network.
A prerequisite to defining RSGGC is the correlation matrix. To begin, for a given dataset, we rank all the genes by the inter-sample variance with a proper cutoff to ensure computational efficiency, taking into account the balance of heterogeneity of the platforms as in previous work [42] . The resulting M×N expression matrix (for M genes and N samples) are ordered again by some index, e.g., the survival rate or subtypes. We then divide the matrix into different sections: M × 1 , M × 2 , ⋯, where 1 + 2 + ⋯ = N . For each sectional expression matrix, we calculate its Pearson's correlation matrix from all the gene pairs based on the available samples, which leads to an M-dimensional, fully connected, real symmetric matrix, with each element characterizing the similarity in the expression level of the two genes. To distinguish this M×M matrix from a gene co-expression network, we do not set any threshold so as to maintain the original correlation between the genes, and obtain an adjacency matrix without information loss, with the element of the matrix given by
where cov( , ) stands the covariance between variables X and Y (genes), and are the standard deviations (SD) of the two variables, respectively.
After the data is filtered and grouped, we calculate the intra-sample variance of a single gene for one total dataset. Some datasets provide gene's expression data, while others record the original expression profiles of RNA fragments. For the former, it is straightforward to calculate the variance but for the latter, we first merge the multiple probes that match the same genes via arithmetic averaging before calculating the variance.
Probes without the corresponding gene names are dropped from the calculation. The detailed information of the remaining gene number in each step is presented in Table S1 .
To treat the different datasets on an equal footing, it is necessary to determine a variance cutoff. In particular, the datasets are obtained from genes is presented in Table S2 ).
RSGGC measure. In network science, a large number of centrality measures have been introduced in different contexts [45] . For example, degree centrality (DC) represents the number of edges of a node in the network, closeness centrality (CC) characterizes how close a pointed node from other nodes [46] , betweenness centrality (BC) reflects a node's intermediary status of route or pathway in the network [47, 48] , and eigenvector centrality (EC) measures the relative influence of a node in the network [49] . We focus on the EC of the correlation matrix as it is appropriate to our task. In general, the eigenvector ⃗ ⃗ associated with the maximum eigenvalue of the adjacency matrix is closely related to the asymptotic behavior of the collective dynamics on the network and control [31] . Let be the component of the eigenvector corresponding to node i. The EC of node i is given by
where is the set of node i's neighbors, M is the set of all nodes in the network, and is the element of the Pearson's correlation matrix A. The vector form of Eq. 2 is
Our RSGGC measure is defined in terms of EC. In particular, for all the selected genes, RSGGC is the ratio of the EC of the focal group to that of the entire gene set:
where n is the number of genes in the radiation sensitivity gene group and N=8000 is the total number of genes in the whole set. For the available data set in our study, we have n=31 and N=8000. The absolute values in the sums indicate a focus on the importance of individual genes rather than distinguishing the detailed passive or active role of a specific gene in the system. The RSGGC value characterizes the topological and dynamical properties of a small group of genes in the whole gene network.
For a group, the correlation matrix represents its average level under various circumstances. The 8000×N matrices, with N being the sample size of each entire dataset, are treated as described in Table Ⅱ and Table   Ⅲ so that the within-group RSGGC values can be computed. The multistep analysis is summarized as a workflow chart, as shown in Fig. 2 .
Results
Power of RSGGC as a predictor of radiotherapy outcome for clinical patients
We calculate RSGGC for each classified clinical patient group, as shown in Fig. 3 . The striking finding is the robust positive correlation between the RSGGC value and the survival time, indicating that the patients with a higher RSGGC score have longer expected survival time after radiotherapy. That is, radiotherapy is more effective for patients with a higher RSGGC score. More specifically, the Pearson's correlation coefficient for the clinical data in Fig. 3(A-C) (Table S3) . After random grouping of the clinical data, the positive correlation is lost completely (Fig. S1) , providing strong evidence for the reliability of RSGGC as a quantitative indicator of the effect of radiotherapy. The finding of the positive correlation between RSGGC and patient survival time is unprecedented and practically significant, as it can serve as the base for more reliable prediction of the outcome of radiotherapy for cancer patients.
Ability of RSGGC to predict radiation outcome in cell line experiments
Observation of the survival fraction of cancer cell lines in response to radiation in experiments is more straightforward and more controllable than clinical tests with patients. Our data analysis suggests that the results from experimental cell lines at the microscopic level strongly corroborate the role of RSGGC in clinical tests. Table S1 ). Similar results of negative correlation between RSGGC and SF have been obtained from the two datasets with larger irradiation doses (5Gy and 8Gy, see Fig. S2 ).
In clinical practice, the general protocol for radiotherapy consists of daily exposure to fractionized radiation of 2Gy irradiation for 5~7 weeks. A dosage over 2Gy is in fact harmful to patient's health. Thus, the relationship between the survival fraction with 2Gy and RSGGC is practically significant for generating quantitative patient prognosis.
Further exploitation of RSGGC for GBM subtypes
The results in above focus on the relationship between RSGGC and the survival time for clinical cases of GBM, where information about the detailed subtypes of GBM is ignored. In a previous experimental study [50] , it was found that the subtypes can have quite different radiation therapy effects. For example, radiation can have a significant effect on the subtypes "Classical", "Mesenchymal", and "Neural", but the effect is small for the subtype "Proneural". We ask whether RSGGC is capable of characterizing the radiation therapy effects at the subtypes level of GBM. To address this issue, we group cases according to the subtypes rather than the survival time and calculate the RSGGC values. 
Mechanism of RSGGC as an estimator and predictor of radiotherapy effect
Our computations and analysis taking into account the survival time of clinical patients, the survival fraction of cancer cell lines, or different subtypes, give strong evidence that RSGGC is effective for assessing and predicting the radiotherapy effect against cancer. A plausible reason for the power of RSGGC is that the corresponding selected genes may participate in the key pathways associated with repairing DNA damage, activating cell cycle checkpoints or maintaining signal transduction pathways after the irradiation, either directly or indirectly. To verify this conjecture, we employ clinical data [35] from cervical cancer patients prior to and during radiotherapy to test how the RSGGC scores calculated from the group of genes change as radiotherapy treatment is being implemented. Specifically, we classify the expression profile into two groups: prior to or during treatment, as shown in Fig. 5 . We find that the RSGGC scores of patients receiving radiotherapy increase dramatically in comparison with those prior to the therapy. We also utilize the time sequences of samples with irradiation process obtained from two independent datasets: GSE59 and GSE7505, the cDNA microarrays of NCI-60 cell lines before and after irradiation [32, 41] . influenced by multiple factors [51, 52] that can introduce fluctuations in the outcomes (Table S1) , we also systematically analyze data from cancer cell [1] Two columns represent the variance distribution of two GPL167, GPL169 respectively.
[2] GPL91~GPL95 utilized in GSE5949 are analyzed integrally here.
[3] Line symbol means the platforms doesn't contain the gene; the star symbol means some datasets we choose PKM as the RS gene instead of PKM2. [2] 3
Biostatistics information
[1] Included is only the 2Gy dose case.
[2] The P-values of GSE5949 and GSE7696 are large because of the small amount of grouping of the two datasets.
The absolute values of Pearson's correlation coefficient of the two curves are close to one, implying underlying regularity.
Random grouping of three clinical datasets
We divide samples into random groups regardless of patient's survival time and calculate the corresponding RSGGC values. The black solid lines in Fig. S1 correspond to the results from the whole sample set without grouping. For the randomized cases, there is no indication of any correlation between the RSGGS value and the patients' survival time demonstrated in the main text.
Figure-S1 RSGGC values of random grouping of clinical datasets.
RSGGC of cancer cell lines in high irradiation dose
The results from cancer cell lines under relatively high irradiation doses (5 Gy and 8 Gy) are shown in Fig-S2 (the corresponding results for the case of 2 Gy can be found in Fig. 4 in the main text). 
